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Abstract001

Multilingual retrieval-augmented generation002
(mRAG) is often implemented within a fixed003
retrieval space, typically via query or document004
translation or multilingual embedding vector005
representations. However, this approach may006
be inadequate for culturally grounded queries,007
in which retrieval-condition misalignment may008
occur. Even strong retrievers and generators009
may struggle to produce culturally relevant an-010
swers when sourcing evidence from inappro-011
priate linguistic or regional contexts. To this012
end, we introduce CORAL (COntext-aware013
Retrieval with Agentic Loop, an adaptive re-014
trieval methodology for mRAG that enables015
iterative refinement of both the retrieval space016
(corpora) and the retrieval probe (query) based017
on the quality of the evidence. The overall018
process includes: (1) selecting corpora, (2) re-019
trieving documents, (3) critiquing evidence for020
relevance and cultural alignment, and (4) check-021
ing sufficiency. If the retrieved documents are022
insufficient to answer the query correctly, the023
system (5) reselects corpora and rewrites the024
query. Across two cultural QA benchmarks,025
CORAL achieves up to a 3.58%p accuracy im-026
provement on low-resource languages relative027
to the strongest baselines.028

1 Introduction029

Retrieval-augmented generation (RAG) improves030

factual grounding by incorporating external knowl-031

edge at inference time, without retraining the lan-032

guage model (Lewis et al., 2020; Ovadia et al.,033

2024). Multilingual RAG (mRAG) extends this034

paradigm to support linguistically diverse queries,035

commonly through query translation or multilin-036

gual dense retrieval in shared embedding spaces037

(Liu et al., 2025b; Zhang et al., 2023; Chirkova038

et al., 2024). These approaches improve linguis-039

tic coverage, but typically assume fixed retrieval040

conditions.041

However, mRAG systems often struggle with042

culturally or regionally grounded queries, where043

Figure 1: Overview of CORAL. At test time, CORAL
performs feedback-driven retrieval control: (1) a plan-
ner selects culturally/linguistically relevant corpora, (2)
retrieves top-K documents, (3) a critic scores and filters
them, (4) checks evidence sufficiency, and if insufficient,
(5) revises corpus selection and rewrites the retrieval
query based on the critique before iterating and generat-
ing.

factual correctness depends on local institutions, 044

conventions, or culturally specific terminology. In 045

such cases, systems retrieve evidence that is se- 046

mantically relevant yet culturally misaligned, yield- 047

ing answers that are formally correct but pragmat- 048

ically inaccurate (Longpre et al., 2021; Li et al., 049

2024; Cruz Blandón et al., 2025). This failure 050

mode is commonly driven by globally aggregated 051

corpora that underrepresent locale-specific knowl- 052

edge (Park and Lee, 2025; Qi et al., 2025; Li et al., 053

2025a). As a result, errors often stem not from gen- 054

eration itself, but from retrieval that is misaligned 055
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with the cultural context of the query.056

Existing agentic mRAG methods primarily focus057

on how to search—e.g., iterative query reformula-058

tion or reasoning-driven retrieval—while operating059

under fixed retrieval conditions (Asai et al., 2023;060

Trivedi et al., 2023; Yao et al., 2023). As a result,061

query-only adaptation is often insufficient for cul-062

turally grounded queries, repeatedly sufacing cul-063

turally dominant but locale-mismatched evidence.064

We argue that effective multicultural mRAG re-065

quires retrieval-condition adaptation, where both066

retrieval scope and query formulation are dynam-067

ically revised based on feedback from retrieved068

evidence.069

To this end, we propose CORAL (COntext-070

aware Retrieval with Agentic Loop), a multilin-071

gual and multicultural agentic RAG framework.072

CORAL iteratively adapts retrieval conditions at073

test time by (i) selecting query-conditioned cor-074

pora, (ii) rewriting retrieval queries via evidence075

critique, and (iii) explicitly checking evidence suf-076

ficiency before generation. This enables more reli-077

able grounding for culturally specific questions.078

We evaluate CORAL on two culturally grounded079

multiple-choice QA benchmarks spanning high-,080

mid-, and low-resource languages, covering a to-081

tal of 13 languages. CORAL consistently outper-082

forms multilingual RAG baselines, achieving up083

to 3.58%p accuracy improvement on low-resource084

languages relative to the strongest baselines. These085

results demonstrate that feedback-guided adapta-086

tion of retrieval conditions is critical for reliably087

grounding culturally specific answers.088

Our contributions are threefold:089

• We identify retrieval condition misalignment090

as a primary failure mode of mRAG on cul-091

turally grounded queries, and reframe multi-092

lingual retrieval as feedback-driven retrieval093

control.094

• We propose CORAL, an agentic framework095

that jointly adapts retrieval corpora and per-096

forms planner-guided query rewriting, with an097

explicit evidence sufficiency check.098

• We demonstrate consistent gains on cultur-099

ally grounded QA benchmarks, showing that100

CORAL reliably identifies target cultures101

across diverse languages.102

2 Background and Related Work 103

2.1 Multilingual and Cross-lingual RAG 104

Prior work on multilingual RAG mainly focuses on 105

extending English-centric RAG pipelines to multi- 106

ple languages through shared multilingual retriev- 107

ers, translation-based methods, and cross-lingual 108

benchmarks (Chirkova et al., 2024; Moon et al., 109

2025; Liu et al., 2025b). These approaches aim 110

to improve linguistic coverage and robustness by 111

preserving semantic equivalence across languages, 112

typically operating over a fixed multilingual corpus 113

that pools documents from all languages together. 114

While effective for many general cross-lingual 115

tasks, this paradigm treats multilinguality as a rep- 116

resentation or preprocessing problem and leaves 117

corpus selection implicit. As a result, retrieval is 118

performed without explicit consideration of cul- 119

tural or regional relevance, which can lead to se- 120

mantically relevant but culturally mismatched evi- 121

dence for queries grounded in local institutions or 122

conventions (Qi et al., 2025; Ranaldi et al., 2025). 123

2.2 Iterative and Agentic Retrieval for RAG 124

Recent work has explored iterative and agent-based 125

retrieval strategies to improve retrieval-augmented 126

generation (Asai et al., 2023; Trivedi et al., 2023; 127

Yao et al., 2023; Wang et al., 2024; Yuan et al., 128

2024; Li et al., 2025c; Liu et al., 2025a; Besrour 129

et al., 2025). These approaches introduce multiple 130

retrieval steps, planning mechanisms, or special- 131

ized agents such as planners, critics, or verifiers. 132

Common techniques include query reformulation, 133

multi-hop retrieval, and retrieval planning, where 134

the system refines its queries based on intermediate 135

results (Chen et al., 2025; Cong et al., 2025). 136

The main goal of these methods is to improve 137

retrieval quality by increasing coverage, recall, or 138

reasoning depth. Iteration is typically used to re- 139

trieve more relevant documents, reduce noise, or 140

better support complex reasoning tasks (Asai et al., 141

2023; Zhang et al.). In this setting, agentic com- 142

ponents help decide how to search, such as which 143

query to issue next or when to stop retrieving (Yao 144

et al., 2023). 145

However, these approaches usually assume that 146

the retrieval space itself is fixed. While queries may 147

be refined over multiple steps, the underlying cor- 148

pus or knowledge source remains unchanged (Jang 149

et al., 2024; Cong et al., 2025). As a result, iteration 150

focuses on improving document ranking or query 151

formulation, rather than reconsidering whether re- 152
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trieval is being performed over the most appropriate153

linguistic, regional, or cultural sources.154

In contrast, our work treats iteration as a mech-155

anism for correcting retrieval condition misalign-156

ment. Instead of only refining queries, the sys-157

tem evaluates whether the current retrieval setting158

is suitable and updates corpus selection decisions159

when necessary.160

2.3 Cultural Grounding and Context161

Sensitivity in RAG162

Prior studies have shown that retrieval and ques-163

tion answering systems often fail on queries that164

depend on cultural or regional context, producing165

answers that are plausible but inappropriate for166

the user’s setting, particularly in low-resource lan-167

guages and regions (Li et al., 2025b; Park and Lee,168

2025; Lertvittayakumjorn et al., 2025). Most ex-169

isting work addresses cultural grounding through170

dataset construction or output analysis, while leav-171

ing the retrieval process unchanged (Blodgett et al.,172

2020; Liu et al., 2025b; Thakur et al., 2025).173

While some approaches rely on query rewriting174

or translation (Chan et al., 2024; Wang et al., 2025),175

such strategies operate within a fixed retrieval space176

and cannot correct cultural misalignment when rel-177

evant evidence is absent or dominated by globally178

prevalent sources. As a result, cultural relevance179

is treated as a post-hoc generation issue rather180

than a retrieval-time decision, even though seman-181

tically relevant documents may lack the contextual182

grounding required for culturally specific queries183

(Amirshahi et al., 2025; Cruz Blandón et al., 2025).184

3 Agentic Multicultural RAG185

3.1 Overview186

We propose CORAL, a test-time framework for cul-187

turally grounded mRAG. CORAL comprises two188

LLM-based agents: a planner that controls corpus189

selection and query reformulation, and a critic that190

evaluates retrieved documents and controls suffi-191

ciency. Together, they form a feedback loop that192

iteratively refines retrieval conditions based on evi-193

dence quality (Figure 1).194

Given an input query, CORAL executes a five-195

step retrieval-control loop. (1) Query-conditioned196

corpus selection: the planner selects a small set197

of culturally and linguistically relevant corpora,198

rather than retrieving from a fixed pooled multilin-199

gual space. (2) Evidence retrieval: the retriever200

retrieves top-K documents from the selected cor-201

pora. (3) Critique-guided evidence validation: 202

the critic scores each document along multiple 203

dimensions (relevance, usefulness, clarity/speci- 204

ficity, and contextual compatibility) and filters low- 205

quality evidence. (4) Sufficiency checking: the 206

critic determines whether the retained evidence is 207

sufficient to answer the query reliably. (5) Re- 208

trieval condition refinement: if evidence is insuf- 209

ficient or misaligned, the critique is fed back to the 210

planner, which revises the retrieval conditions by 211

re-selecting corpora and reformulating the retrieval 212

query, and repeats the loop. 213

3.2 Planner: Retrieval Condition Selection 214

and Query Reformulation 215

Given the query (and, in later rounds, feedback 216

from the critic), the planner outputs (i) a set of tar- 217

get corpora and (ii) an optional rewritten retrieval 218

query (from the second round). Corpus selection 219

is explicitly query-conditioned: the planner mainly 220

includes corpora matching the query language and 221

may add additional corpora when the query con- 222

tains cultural or regional cues (e.g., local insti- 223

tutions, conventions, or region-specific entities). 224

This scoping reduces noise from unrelated corpora 225

and increases the likelihood of retrieving culturally 226

grounded evidence. 227

When the critic indicates that retrieved evidence 228

is insufficient or misaligned, the planner updates its 229

decisions using the critique given. It may revise the 230

corpus scope (e.g., expand to culturally adjacent 231

corpora to recover missing local evidence, or nar- 232

row the scope to reduce irrelevant retrieval) or re- 233

formulate the query to address failures identified by 234

the critique. Note that query reformulation goes be- 235

yond translation: it can clarify implicit constraints, 236

disambiguate context-dependent terms, and intro- 237

duce missing local cues surfaced during critique. 238

This iterative planning progressively corrects re- 239

trieval condition misalignment across rounds. 240

3.3 Critic: Evidence Validation and 241

Sufficiency Control 242

Following LeVine and Varjavand (2025), which 243

demonstrated that reranking documents beyond 244

simple relevance can improve RAG systems, we 245

introduce a multi-dimensional scoring scheme tai- 246

lored to our framework. The critic model evaluates 247

each retrieved document and outputs (i) scores on 248

four criteria—relevance, usefulness, clarity/speci- 249

ficity, and contextual compatibility—and (ii) a con- 250

cise textual critique. Documents that fall below a 251
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predefined quality threshold are discarded, while252

those that satisfy all criteria are retained and accu-253

mulated across iterations as validated evidence for254

generation. Detailed definitions of the four criteria255

are given in Appendix A, and the specifics of our256

scoring and filtering procedures are described in257

Section 4.3.258

After scoring, the critic determines whether the259

current validated evidence set is adequate to an-260

swer the query reliably. If key constraints are261

missing, evidence is contradictory, or alignment262

remains weak, the system triggers another itera-263

tion and passes the critique back to the planner.264

Otherwise, the loop terminates and the generator265

produces the final answer using only validated evi-266

dence. By coupling per-document validation with267

an explicit overall sufficiency decision, CORAL268

performs feedback-driven retrieval control entirely269

at test time, without fine-tuning and with minimal270

assumptions about the underlying retriever or gen-271

erator.272

4 Experiments273

4.1 Datasets274

To evaluate the effectiveness of our framework, we275

curate multilingual QA benchmarks that require276

culturally grounded knowledge and commonsense277

reasoning without paired evidence documents.278

BLEnD (Myung et al., 2024) evaluates every-279

day cultural knowledge for 16 countries, includ-280

ing under-represented regions and low-resource281

language communities (e.g., Assam, West Java).282

We use its multiple-choice (MCQ) subset, where283

each question is written in English but is associ-284

ated with a specific target country/culture and one285

of 13 source-language communities. Because the286

same underlying prompt can appear with multi-287

ple country-specific option sets, we sample one in-288

stance per underlying question to avoid overweight-289

ing duplicated prompts; full details are provided in290

Appendix B.1.291

CLIcK (Kim et al., 2024) consists of Korean292

MCQs gathered from official exams in addition293

to those generated through GPT-4 (OpenAI et al.,294

2024) based on official educational materials pro-295

vided by the Korean Ministry of Justice. As our296

focus is on cultural QAs, we use the Culture cate-297

gory from CLIcK. This category includes 8 subcat-298

egories including Korean Tradition, Korean Soci-299

ety, and Korean Popular Culture, including 1,345300

queries in total. A detailed statistics of the number 301

of questions for each subcategory can be found in 302

Appendix B.2. 303

4.2 Baselines 304

To evaluate CORAL, we compare against one non- 305

retrieval baseline and four multilingual RAG con- 306

figurations adapted from Ranaldi et al. (2025). 307

These baselines vary the retrieval scope and trans- 308

lation strategy, allowing us to isolate the effects of 309

corpus/language selection under a fixed generator. 310

Non-RAG answers the question directly without 311

external retrieval, relying solely on the generator’s 312

internal knowledge. tRAG (translate-then-retrieve) 313

translates the query into English and retrieves only 314

from the English corpus. As the MCQ subset of 315

BLEnD is already in English, we present only the 316

results on CLIcK for this baseline methodology. 317

monoRAG retrieves from the corpus that matches 318

the query language. multiRAG retrieves from the 319

entire existing multilingual corpus without any cor- 320

pus restriction. crossRAG retrieves from the same 321

corpus pool as multiRAG, but translates the re- 322

trieved documents into English prior to answer gen- 323

eration. 324

For query and document translation in tRAG 325

and crossRAG, we use QWEN3-235B-A22B- 326

INSTRUCT-2507 (Qwen Team, 2025) (hereafter, 327

QWEN3-235B). 328

4.3 Experimental Setup 329

Retrieval. For all RAG-based methods, we 330

embed documents with QWEN3-EMBEDDING- 331

8B (Zhang et al., 2025) and retrieve the top-5 docu- 332

ments by cosine-similarity nearest-neighbor search 333

using FAISS (Douze et al., 2024). Retrieval is per- 334

formed over the target corpus scope specified by 335

each method. 336

In CORAL, the planner selects a query- 337

conditioned set of target corpora. Then, we retrieve 338

the top-5 documents from each selected corpus 339

and pass them to the critic, which assigns inte- 340

ger scores in [0, 5] for four dimensions: relevance 341

(srel), usefulness (suse), clarity/specificity (sspec), 342

and contextual compatibility (scomp). A document 343

is considered valid if (i) each score is at least 2 and 344

(ii) the aggregated score stot is at least 6, where 345

stot is calculated based on the following equation: 346

stot = srel + 0.5 (suse + sspec + scomp) (1) 347

Validated documents are accumulated across itera- 348

tions of the feedback loop. 349
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Method
BLEnD

CLIcKlow mid high all

su avg fa avg es avg avg

Non-RAG 58.04 55.65 62.09 63.06 68.59 69.29 62.13 48.10

monoRAG 57.69 56.80 65.03 65.47 68.44 71.31 63.93 53.53
tRAG - - - - - - - 56.06
multiRAG 61.89 56.48 67.97 65.92 67.98 69.84 63.49 50.78
crossRAG 62.59 57.83 67.32 66.83 68.29 69.76 64.27 53.75

CORAL (GPT-OSS-120B) 68.18 60.47 70.92 69.10 74.36 73.51 67.14 58.66
CORAL (QWEN3-235B) 66.78 61.83 72.22 70.41 71.93 72.76 67.84 58.88

Table 1: Accuracy on cultural QA benchmarks with LLAMA-3.2-3B-INSTRUCT. For CORAL, we use GPT-
OSS-120B or QWEN3-235B-A22B-INSTRUCT as the planner/critic. Best results are in bold, and second best
results are underlined. CORAL improves performance by enabling dynamic corpus selection and query rewriting
compared to other RAG methods that use a fixed set of target corpora.

After the loop terminates, we select the top-5 val-350

idated documents by stot and provide them to the351

generator as evidence, controlling context length352

while retaining the highest-quality support.353

Inference Settings. In principle, any language354

model can serve as the planner or the critique agent.355

However, for our experiments, we use the same356

model for both planner and critique agents in our357

experiments. We use QWEN3-235B (Qwen Team,358

2025) and GPT-OSS-120B (OpenAI, 2025) as our359

main planner/critic model, and LLAMA-3.2-3B-360

INSTRUCT (Grattafiori et al., 2024) as our main361

generator model. All prompts and specific config-362

uration details are provided in Appendix C.1 and363

C.2.364

Retrieval Corpus Selection. Due to limited365

computational resources, we limit our retrieval lan-366

guage corpus to languages that appear as source367

languages in the BLEnD MCQ set. This whole368

language set also covers the CLIcK dataset, which369

is constructed in Korean. BLEnD is created by col-370

lecting everyday-life questions from 16 countries in371

13 languages, and the MCQ subset is based on the372

English versions of those questions. To ensure that373

every required source language is represented, we374

extract the Wikipedia dumps 1 for the same 13 lan-375

guages and treat them as our overall corpus. This376

multilingual corpus is used for the multiRAG and377

crossRAG approaches as the overall target corpus.378

The language list is provided to the planner model379

for query-conditioned corpus selection.380

1We use the Wikipedia dump as of October 20, 2025.

5 Results and Analysis 381

5.1 Overall Performance on Cultural 382

Benchmarks 383

Table 1 reports end-to-end accuracy on two cultur- 384

ally grounded QA benchmarks. For BLEnD, we 385

evaluate the MCQ subset in which all questions 386

are written in English while the underlying cultural 387

target varies across countries (Appendix B.1). Fol- 388

lowing the language-resource taxonomy of Joshi 389

et al. (2020), we group BLEnD source-language 390

communities into three resource tiers based on 391

the five-level ranking: low-resource (ranks 1–2), 392

mid-resource (ranks 3–4), and high-resource (rank 393

5). We report both the tier-wise averages and rep- 394

resentative languages from each tier (Sundanese 395

(su) 2, Persian (fa), and Spanish (es) for low-, mid- 396

, and high-resource, respectively), together with 397

per-language results. Results for all 13 source lan- 398

guages in BLEnD can be found in Appendix D. 399

Across both benchmarks, CORAL achieves the 400

best accuracy across the two planner/critic back- 401

bones and for all resource tiers. This indicates that 402

the gains are not tied to a specific agent model fam- 403

ily or to a particular language group. To quantify 404

improvements, we compare CORAL against the 405

strongest non-CORAL baseline for each setting 406

(i.e., the highest-scoring method among the base- 407

lines in the same column). On BLEnD, when using 408

the QWEN3-235B planner/critic model, CORAL 409

gains up to 3.58% accuracy on low-resource lan- 410

guages on average, especially improving the per- 411

formance up to 5.59%p for su. On CLIcK, the 412

2A language spoken in West Java, Indonesia.
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Figure 2: Accuracy across three language models on cultural QA benchmarks. Performance gaps between
RAG baselines highlight the adverse impact of indiscriminate corpus expansion, whereas our method consistently
outperforms the other baselines across diverse model families and parameter sizes.

maximum gain reaches 3.91%p.413

Importantly, these improvements are not ex-414

plained by just using more language corpora, or415

by a single retrieval heuristic. Baselines rely-416

ing on a fixed retrieval scope (monoRAG/mul-417

tiRAG), or with additional one-shot translation418

pipeline (tRAG/crossRAG) remain substantially be-419

hind, suggesting that indiscriminate corpus expan-420

sion or direct translation alone is insufficient for cul-421

turally grounded QA. In contrast, CORAL couples422

query-conditioned corpus scoping with critique-423

guided query rewriting in a feedback loop. When424

the current evidence document set is incomplete425

or culturally misaligned, the planner revises both426

where to retrieve (the corpus scope) and what to427

retrieve (the retrieval query). For example, the plan-428

ner reformulates the query to match the selected429

corpus language, or narrows down the focus in or-430

der to retrieve a better result. This joint, iterative431

adaptation improves evidence quality and provides432

consistent end-to-end improvement across cultural433

benchmarks.434

5.2 Robustness Across Model Families and435

Size of the Generators436

Figure 2 shows the accuracy scores for each of437

the methods from Table 1 across different gener-438

ator models with varying model family and size.439

We report the average performance over all lan-440

guages from BLEnD in this section. 3 Across di-441

verse model architectures and sizes, CORAL con-442

3Figure 2 reports results for three representative generators;
comprehensive evaluations across all 6 generators are provided
in Appendix D.

0.0 0.2 0.4 0.6 0.8 1.0
Ratio in top-k

BLEnD-su

BLEnD-fa

BLEnD-es

CLIcK

Planner-selected Top-k documents
su id fa ar ko zh es en other

Figure 3: Language distribution of documents se-
lected for RAG. Hatched bars indicate the language
proportions of documents selected by the planner for
each benchmark, while solid bars represent the language
distribution of documents actually used for RAG after
critique-based scoring.

sistently improves accuracy on the two benchmarks. 443

This suggests that the observed improvements pri- 444

marily originate from our feedback-driven agentic 445

loop with minimal dependence on the generator’s 446

ability. 447

5.3 Analysis on Dynamic Corpus Selection 448

Figure 3 visualizes the language compositions of 449

(i) the planner-selected corpus set and (ii) the fi- 450

nal top-K evidence after critique-guided scoring, 451

for both datasets. A key observation is that the 452

planner’s choices go beyond query-language de- 453
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Method BLEnD CLIcK
low mid high

Non-RAG 55.65 63.06 69.29 48.10
RAGCown 51.89 60.77 67.43 53.53
RAGCall 56.55 65.92 69.84 50.78
RAGCown ∪Cen 56.06 65.94 71.22 54.20

CORAL 61.83 70.41 72.78 58.88

Table 2: Static corpus ablation on cultural QA bench-
marks. We compare fixed retrieval scopes: Cown

(the culture-associated corpus; for BLEnD we use the
source language), Call (overall multilingual corpora),
and Cown ∪ Cen (adding English). Fixed corpus scopes
show inconsistent gains across benchmarks and resource
groups, while CORAL (GPT-OSS-120B planner/critic)
remains consistently stronger.

tection. This is most evident on BLEnD, where454

all queries are written in English. The planner455

selects the culture-associated languages and their456

regional high-resource neighbors, along with En-457

glish. For instance, in BLEnD-su it frequently se-458

lects Sundanese (su) together with Indonesian (id),459

and in BLEnD-fa it additionally considers Arabic460

(ar). This indicates that it infers the likely cultural461

target from the query content and routes retrieval462

accordingly.463

The two language distributions from (i) and (ii)464

are broadly consistent but not identical, reflecting465

the role of critique-based filtering. After scoring,466

the retained top-K evidence shifts toward docu-467

ments that actually contain useful evidence and468

away from weakly related documents. In low-469

resource settings, this can increase the share of470

a regional high-resource language when the tar-471

geted corpus is sparse (e.g., more id for BLEnD-su),472

while still maintaining culturally aligned sources.473

On CLIcK, the final evidence document set remains474

dominated by Korean (ko), with additional support475

from English (en) and nearby languages. Overall,476

Figure 3 suggests that our planner-critic loop pro-477

poses a culturally plausible candidate pool and then478

enforces evidence quality and cultural alignment479

through critique-guided filtering.480

Fixed-Scope Retrieval Ablation. Figure 3481

shows that English often appears alongside cul-482

turally aligned corpora, which motivates a natural483

baseline: can the planner-critique loop simply be484

replaced with a fixed retrieval scope that always485

includes English? Table 2 evaluates this hypothesis486

by comparing three fixed-scope variants: retrieving487

only from an oracle own-corpus (Cown), retrieving 488

from the union of all corpora (Call), and retrieving 489

from Cown ∪ Cen, where Cen denotes the English 490

corpus. For CLIcK, Cown corresponds to Korean. 491

For BLEnD, while the questions are written in En- 492

glish, Cown is defined as the source community/cul- 493

ture language associated with each evaluation split 494

(e.g., su for BLEnD-su). We emphasize that this 495

BLEnD definition is oracle: it presumes access to a 496

target-culture label that is not provided at test time 497

in realistic deployments. 498

Table 2 shows that fixed-scope retrieval remains 499

consistently below CORAL, even when granted 500

oracle access to Cown. Adding English to Cown is 501

not uniformly sufficient across BLEnD resource 502

groups, and pooling all corpora (Call) can satu- 503

rate when culturally or content-wise mismatched 504

documents are included.4 Moreover, on BLEnD, 505

even the oracle-fixed Cown setting can underper- 506

form Non-RAG, consistent with the fact that cultur- 507

ally grounded QA often relies on proxy evidence 508

and that sparse or weak retrieval can introduce 509

misleading context. In contrast, CORAL consis- 510

tently outperforms all fixed-scope variants, indi- 511

cating that the gains are not explained by simply 512

including English, but by query-conditioned scope 513

decisions coupled with feedback-driven filtering 514

(and, as shown later, critique-guided query rewrit- 515

ing). 516

5.4 Dynamic Corpus Selection & Query 517

Rewriting Ablation Study 518

Dynamic Corpus Selection Only. To quantify 519

the contributions of the two key components of 520

CORAL—dynamic corpus selection and critique- 521

guided query rewriting—we report the ablation re- 522

sults in Table 3. We use multiRAG as the baseline, 523

which retrieves with the original query from a fixed 524

pooled multilingual corpus, and then progressively 525

add (i) dynamic corpus selection and (ii) query 526

rewriting. 527

The results show that adding dynamic corpus se- 528

lection alone improves accuracy on all benchmarks 529

for both planner/critic backbones. With QWEN3- 530

235B, dynamic selection yields gains of 5.78%p 531

(BLEnD-mid) and 3.21%p (CLIcK) over MULTI- 532

RAG. These results support our claim that select- 533

ing culturally appropriate retrieval conditions sub- 534

4Figure 8 illustrates a representative failure mode of Call,
where retrieval returns superficially related but not decision-
critical evidence. Additional qualitative examples are provided
in Appendix D.1.1.
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Method BLEnD CLIcK
low mid high

multiRAG 56.55 65.92 69.84 50.78

w/ GPT-OSS-120B Planner/Critic

+ Dynamic Corpus Selection 58.11 70.06 72.76 57.25
+ Query Rewriting (CORAL) 60.47 69.10 73.51 58.66

w/ QWEN3-235B Planner/Critic

+ Dynamic Corpus Selection 59.64 69.70 71.64 57.40
+ Query Rewriting (CORAL) 61.83 70.41 72.78 58.88

Table 3: Ablation of dynamic corpus selection and query rewriting. Accuracy on five cultural QA benchmarks
with a fixed generator. Starting from multiRAG (a fixed-pooled multilingual retrieval system with the original query),
we add dynamic corpus selection and then query rewriting. Results are shown for two planner/critic backbones.

stantially reduces noise from mismatched corpora535

and improves evidence alignment.536

Additional Query Rewriting. On top of dy-537

namic corpus selection, enabling query rewriting538

further improves performance. With the GPT-OSS-539

120B planner/critic, query rewriting achieves addi-540

tional gains of 2.36%p on BLEnD-low and 2.21%p541

on CLIcK.542

To better understand the contribution of query543

rewriting, we analyze how the planner modifies544

the retrieval query during rewriting. We catego-545

rize each rewrite into one of three types: (i) Para-546

phrase, which reformulates the query into a more547

retrieval-friendly wording while preserving its in-548

tent; (ii) Narrow, which adds constraints or dis-549

ambiguating details to focus retrieval; and (iii) Ex-550

pand, which broadens the query to retrieve addi-551

tional evidence when the current retrieval is judged552

insufficient.553

We randomly sample 100 questions from CLIcK554

and collect all rewritten retrieval queries produced555

across planner-critic iterations, resulting in 158556

rewritten queries. After a norming session to align557

category definitions, two authors independently an-558

notate all rewrites. The initial inter-annotator agree-559

ment is Cohen’s κ = 0.624. Remaining disagree-560

ments are then resolved through discussion, and561

final labels are determined by unanimous agree-562

ment.563

Overall, 53.8% of rewrites narrow the query, and564

32.9% paraphrase it. 5 Qualitative analysis reveals565

that narrowing rewrites often introduce missing566

contextual cues, as highlighted by the critic, when567

the initially retrieved documents are topically re-568

5An example of query rewrite within a planner-critic loop
is provided in Figure 9. Additional qualitative analysis on
query rewriting can be found in Appendix D.1.2.

lated but insufficiently informative to answer the 569

question. This leads to subsequent retrievals that 570

are more directly aligned with the query’s infor- 571

mational needs. Taken together, these results sug- 572

gest that query rewriting complements dynamic 573

corpus selection by systematically improving re- 574

trieval quality through critique-guided refinement. 575

6 Conclusion 576

We introduce CORAL, a test-time agentic frame- 577

work that closes the loop between retrieval out- 578

comes and retrieval decisions. CORAL iteratively 579

(i) selects culturally and linguistically appropriate 580

corpora, (ii) retrieves candidate evidence, (iii) cri- 581

tiques documents for relevance and cultural align- 582

ment, and (iv) checks sufficiency to decide whether 583

to stop or to refine retrieval conditions by re- 584

selecting corpora and rewriting the query. Across 585

five culturally grounded QA benchmarks spanning 586

high- and low-resource languages, CORAL con- 587

sistently outperformed strong multilingual RAG 588

baselines, with the largest improvements appearing 589

in low-resource settings where indiscriminate cor- 590

pus expansion tends to introduce noise or amplify 591

generalized evidence. 592

Our findings suggest that scaling multilin- 593

gual coverage alone is insufficient for culturally 594

grounded generation, and that robust multilingual 595

RAG systems should treat corpus scope and query 596

formulation as first-class, revisable decisions rather 597

than fixed configuration choices. More broadly, 598

the retrieval condition selection viewpoint pro- 599

vides a principled way to integrate cultural and 600

regional constraints into retrieval-augmented gener- 601

ation, complementary to advances in multilingual 602

representations and agentic reasoning. 603
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Limitations604

While CORAL consistently improves performance605

and supports culturally grounded retrieval control,606

it has several limitations. First, some benchmark607

questions may require knowledge that is sparse608

or entirely absent from Wikipedia-based corpora.609

In such cases, retrieval failures are unavoidable610

regardless of the control strategy. More broadly,611

culturally relevant information is often procedural,612

experiential, or locally disseminated (e.g., infor-613

mal norms or recent policy details), and may be614

underrepresented in encyclopedic resources.615

Moreover, our corpora are restricted to language-616

specific Wikipedia subsets. This choice improves617

reproducibility, but it limits domain diversity and618

may bias retrieval toward perspectives that are well619

covered in the selected languages. Extending the620

corpus collection and retrieval framework to het-621

erogeneous web-scale sources (e.g., official portals,622

local news, and community resources) would better623

reflect real-world cultural information needs.624

Our evaluation focuses on multiple-choice ques-625

tion answering to enable controlled comparisons in626

the study of dynamic corpus selection and query627

rewriting. This setting may not capture additional628

failure modes that arise in open-ended or interac-629

tive scenarios, such as partially correct responses,630

culturally inappropriate framing, or user-dependent631

ambiguity. Evaluating CORAL in open-ended gen-632

eration and multi-turn information-seeking settings633

is an important direction for future work.634

Ethical considerations635

Our approach operates during the test phase by636

using retrieved documents and does not require637

collecting user-level data or fine-tuning models.638

However, when deployed in real-world retrieval639

contexts, systems may inadvertently access or dis-640

close personal or sensitive information contained in641

documents. It is imperative that deployments com-642

ply with applicable privacy regulations, implement643

access controls, refrain from retrieving private data644

without proper authorization, and accommodate645

data deletion requests when appropriate.646

We acknowledge that agentic retrieval incurs ad-647

ditional inference costs due to the requirements of648

iterative planning and critique. While we restrict649

the number of iterations and permit early termina-650

tion when sufficient evidence is available, practi-651

tioners should carefully weigh the efficiency trade-652

offs and carbon footprint associated with these pro-653

cesses. Future research should investigate the po- 654

tential for lightweight critics, caching mechanisms, 655

and cost-aware stopping policies to mitigate com- 656

putational overhead. 657
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A Critic Scoring Criteria Definitions 920

For each criterion, the critic assigns an integer score 921

from 0 to 5. We define each criterion as follows. 922

Relevance. Relevance measures how strongly a 923

document aligns with the key concepts, entities, 924

and intent of the query. Higher scores indicate close 925

conceptual alignment and direct topical relevance, 926

while lower scores reflect only weak or incidental 927

connections to the query. 928
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Usefulness. Usefulness measures how much a929

document helps the system construct a correct,930

complete, and actionable answer. Higher scores931

indicate that the document contributes substantial,932

high-impact information needed for solving the933

query, whereas lower scores indicate little to no934

helpful content for answering.935

Clarity and Specificity. Clarity and Specificity936

measures how clearly, precisely, and unambigu-937

ously a document presents information that is rel-938

evant to the query. Higher scores correspond939

to well-structured, specific, and easy-to-interpret940

statements, while lower scores correspond to con-941

tent that is vague, overly general, or difficult to942

apply.943

Compatibility. Compatibility measures linguis-944

tic, cultural, and domain alignment between the945

query and the document. Higher scores indicate946

strong language match or faithful cross-lingual947

equivalence, along with contextual appropriateness948

for the query’s cultural and domain assumptions.949

Lower scores indicate mismatched language, cul-950

tural context, or domain framing that makes the951

evidence less applicable.952

B Detailed Description of the Datasets953

B.1 BLEnD954

In this paper, we use a subset of the955

multiple-choice-question (MCQ) data pro-956

vided by BLEnD. The MCQ portion of BLEnD957

contains every possible option combination for958

each question across all countries, which leads to959

varying numbers of items for the same underlying960

question. Because we aim for a fair comparison961

and have limited resources, we randomly select962

a single version of each question (i.e., one963

country-specific option set per question). Table 4964

summarizes the statistics of the selected MCQs.965

B.2 CLIcK966

In order to focus on cultural queries, we only use967

the Culture category from CLIcK. Table 5 shows968

the statistics of the number of MCQs within each969

of the subcategories.970

C Detailed Experimental Settings971

C.1 Prompts972

C.1.1 Multiple Choice Question Generator973

Prompt974

Source Lang. Country # of MCQs

English (en)
United States 310
United Kingdom 304

Spanish (es)
Spain 325
Mexico 334

Korean (ko)
South Korea 366
North Korea 290

Indonesian (id) Indonesia 334
Chinese (zh) China 335
Arabic (ar) Algeria 304
Greek (el) Greece 320
Persian (fa) Iran 306
Azerbaijani (az) Azerbaijan 325
Sundanese (su) West Java 286
Assamese (as) Assam 358
Hausa (ha) Northern Nigeria 249
Amharic (am) Ethiopia 335

Total 5,081

Table 4: Number of MCQs per country and source
language. For countries that share the same source lan-
guage(en, es, ko), the MCQs are combined and reported
as a single aggregated result elsewhere in the paper.

Answer the following multiple choice ques-
tion as clearly as possible, using the provided
**Reference Evidence**. The last line of your
response should be in the following format:
‘Answer: A/B/C/D/E’ (e.g. ‘Answer: A’).

# Reference Evidence
{Docs}

# Question
{Query}

C.1.2 Short Answer Question Generator 975

Prompt 976

Answer the following short answer question
as clearly as possible, using the provided
**Reference Evidence**. The last line of your
response should be in the following format:
‘Answer: [YOUR ANSWER HERE]’ (e.g.
‘Answer: cat’).

# Reference Evidence
{Docs}

# Question
{Query}
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Category # of MCQs

Society 309
Tradition 222
History 280
Law 219
Politics 84
Economy 59
Geography 131
Pop culture 41

Total 1,345

Table 5: Number of MCQs from CLIcK within the
Culture Category.

C.1.3 Planner Prompt977

Figures 4 and 5 present the prompts used for the978

planner. Figure 4 is used to perform corpus selec-979

tion upon receiving the initial user query. Figure 5980

is used when the critique module determines that981

the retrieved documents are insufficient: the plan-982

ner performs corpus selection and query reformula-983

tion for the next retrieval step.984

C.1.4 Critique Prompt985

Figure 6 and 7 present the prompts used for the986

critique. Figure 6 is used to evaluate the retrieved987

documents against predefined criteria. Figure 7 is988

used to determine whether the retrieval evidence989

is insufficient; based on this decision, the retrieval990

process is set to proceed iteratively.991

C.2 Model Configurations992

For planner and critique models, we set the tem-993

perature as 0.6, with reasoning effort ‘high’ for994

the GPT-OSS models and enable thinking for the995

hybrid QWEN models. For the generator models,996

we set the temperature as 0 and top_p as 1, with997

reasoning effort ‘low’ for the GPT-OSS models and998

disable thinking for the hybrid QWEN models. We999

set the max token of each of the planner/critic mod-1000

els to 32768, with dynamic adaptation of the max1001

token value if needed. We set the max token of the1002

generator models to 4096.1003

D Detailed Results1004

We evaluate all configurations using 13 open1005

and instruction-tuned LLMs, ranging from1006

small to large language models: Qwen3-{1.7B,1007

8B} (Qwen Team, 2025), LLaMA-3.2-{1B, 3B}-1008

Instruct (Grattafiori et al., 2024), Ministral-3-{8B,1009

14B}-Instruct-2512 6. This diverse model suite en- 1010

ables robust comparison across a wide range of ca- 1011

pacity and instruction tuning settings. As shown in 1012

Table 6-12, our method yields consistently strong 1013

and robust performance across a wide range of lan- 1014

guages, covering diverse model sizes and model 1015

families. 1016

D.1 Planner Critique Examples for Document 1017

Selection and Query Rewriting 1018

D.1.1 Noise Comparison between Global and 1019

Locale-Specific Corpora 1020

We present a qualitative comparison illustrating 1021

the difference in evidence quality when retrieval 1022

is performed over a global corpus versus a locale- 1023

specific corpus. Shown in Figure 8, the given query 1024

concerns a culturally grounded practice in Korea, 1025

specifically the ritual behavior performed during an- 1026

cestral rites (jesa), where participants bow twice to 1027

honor their ancestors. Comparing the documents re- 1028

trieved by the Call and CORAL reveals a clear qual- 1029

itative difference in evidence relevance. Retrieval 1030

over the unified corpus yields mostly superficial or 1031

tangential information: some documents mention 1032

jesa only at a high level without describing the rit- 1033

ual procedure, while others are entirely unrelated 1034

despite sharing cultural keywords, covering top- 1035

ics such as first-birthday celebrations (doljanchi), 1036

Confucianism in general, or Chuseok rituals. In 1037

contrast, our agent successfully identifies a Korean- 1038

language document that explicitly explains the pro- 1039

cedural steps of jesa, including the correct bowing 1040

practice. This example illustrates how indiscrimi- 1041

nate corpus expansion introduces substantial noise 1042

for culturally specific queries, whereas our method 1043

effectively routes retrieval toward linguistically and 1044

culturally aligned sources, enabling the model to 1045

access precise procedural knowledge that is essen- 1046

tial for answering the question correctly. 1047

D.1.2 Query Rewriting for Improved 1048

Evidence Relevance 1049

We further provide a qualitative example il- 1050

lustrating how the planner-guided process im- 1051

proves evidence relevance across retrieval trials. 1052

The critic evaluates the initially retrieved docu- 1053

ments—identifying those that are semantically re- 1054

lated but lack sufficient grounding in the target 1055

context—while the planner utilizes these insights 1056

to rewrite the query, incorporating the missing con- 1057

6https://huggingface.co/collections/mistralai/ministral-3
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textual signals. Full details are shown in Figure1058

9.1059

E Use Of AI Assistants1060

The authors used AI assistants for the language of1061

the paper and codes for the experiments.1062
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Method Llama-3.2 Ministral-3 Qwen-3

1B 3B 8B 14B 1.7B 8B

Non-RAG 53.00 62.13 60.54 64.84 55.99 66.10
monoRAG 56.83 63.93 61.77 64.43 59.45 64.16
multiRAG 57.24 63.52 61.56 64.33 59.75 65.43
crossRAG 58.89 63.83 61.79 64.44 60.06 65.55
CORAL (GPT-OSS-120B) 61.08 67.14 66.18 68.20 64.56 68.42
CORAL (Qwen3-235B) 60.12 67.84 64.09 66.22 64.40 68.59

Table 6: Average Accuracy on BLEnD with various generators.

Method BLEnD CLIcK
am ar as az el en es fa ha id ko su zh

Non-RAG 39.40 49.01 45.25 52.92 60.00 71.17 60.55 53.92 48.59 52.10 52.59 47.90 55.52 34.05
monoRAG 46.27 60.20 52.23 55.38 59.06 66.78 63.28 59.80 47.39 57.49 56.40 52.45 62.09 52.12
tRAG – – – – – – – – – – – – – 52.12
multiRAG 45.67 57.89 51.96 57.54 59.06 67.26 62.67 59.48 50.20 61.08 57.16 53.85 60.30 41.56
crossRAG 43.88 61.84 53.35 56.92 62.50 66.94 63.88 60.46 48.59 62.28 58.38 56.99 69.55 44.16
CORAL (GPT-OSS-120B) 46.27 60.86 49.72 55.08 62.50 73.94 68.89 68.95 49.80 66.17 61.13 61.19 69.55 48.25
CORAL (Qwen3-235B) 47.16 60.20 48.88 56.00 62.50 69.22 65.40 66.67 49.80 68.26 62.65 57.69 67.16 47.29

Table 7: Accuracy on cultural QA benchmarks with Llama-3.2-1B for a generator.

Method BLEnD CLIcK
am ar as az el en es fa ha id ko su zh

Non-RAG 46.87 59.54 58.66 63.69 64.69 79.48 68.59 62.09 51.00 66.77 58.69 58.04 69.55 48.10
monoRAG 53.73 67.76 56.15 65.85 68.44 77.69 68.44 65.03 50.60 64.07 64.33 57.69 71.34 56.06
tRAG – – – – – – – – – – – – – 56.06
multiRAG 52.54 63.82 55.31 62.46 66.56 77.69 67.98 67.97 50.20 65.57 63.57 62.24 69.85 50.78
crossRAG 51.64 63.82 56.15 67.38 68.75 77.36 68.29 67.32 51.41 66.77 64.48 62.59 0.00 53.75
CORAL (GPT-OSS-120B) 53.73 64.47 56.70 69.54 68.75 79.97 74.36 70.92 54.22 67.66 69.05 68.18 75.22 58.66
CORAL (Qwen3-235B) 55.82 66.78 60.34 68.00 69.69 78.66 71.93 72.22 58.23 70.96 68.75 66.78 73.73 58.88

Table 8: Accuracy on cultural QA benchmarks with Llama-3.2-3B for a generator.

Method BLEnD CLIcK
am ar as az el en es fa ha id ko su zh

Non-RAG 50.45 58.22 50.00 60.92 61.88 77.85 68.44 62.09 49.80 65.87 59.91 54.20 67.46 60.37
monoRAG 48.06 66.12 53.63 64.31 66.25 74.76 62.37 67.97 47.79 63.17 63.57 56.99 68.06 61.41
tRAG – – – – – – – – – – – – – 61.41
multiRAG 49.85 61.51 51.68 65.23 64.38 75.41 66.62 68.30 44.58 66.17 63.72 56.29 66.57 68.40
crossRAG 48.66 64.14 51.68 61.85 64.38 76.06 67.07 66.34 45.78 65.87 62.96 60.14 68.36 66.32
CORAL (GPT-OSS-120B) 55.82 69.74 55.31 66.77 66.88 78.66 72.84 72.88 51.41 69.16 66.01 63.29 71.64 72.42
CORAL (Qwen3-235B) 57.01 67.76 51.96 62.46 65.31 76.22 68.59 66.01 46.59 70.96 67.07 60.14 73.13 71.75

Table 9: Accuracy on cultural QA benchmarks with Ministral-3-8B-Instruct-2512 for a generator.

Method BLEnD CLIcK
am ar as az el en es fa ha id ko su zh

Non-RAG 53.13 61.84 57.82 67.08 64.69 81.92 68.44 66.01 56.63 64.97 63.57 60.14 76.72 64.31
monoRAG 54.33 62.83 56.98 67.38 67.81 78.01 67.37 67.97 51.81 68.26 65.70 58.39 70.75 63.20
tRAG – – – – – – – – – – – – – 63.20
multiRAG 52.84 66.12 53.63 70.15 67.19 77.52 68.89 67.32 52.21 67.96 66.46 59.44 66.57 70.86
crossRAG 54.63 66.12 55.31 70.15 69.38 78.50 68.13 69.61 46.18 66.77 64.18 62.24 66.57 68.03
CORAL (GPT-OSS-120B) 54.33 70.07 57.82 72.31 68.13 80.46 72.08 72.55 53.82 68.86 69.05 70.98 76.12 75.84
CORAL (Qwen3-235B) 53.13 69.08 58.66 68.62 68.44 78.18 70.41 71.24 51.41 68.56 67.84 61.54 73.73 73.09

Table 10: Accuracy on cultural QA benchmarks with Ministral-3-8B-Instruct-2512 for a generator.
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Method BLEnD CLIcK
am ar as az el en es fa ha id ko su zh

Non-RAG 45.67 53.62 50.84 54.77 58.13 74.10 59.64 52.29 47.39 58.38 52.90 52.10 68.06 50.26
monoRAG 51.34 61.51 48.88 58.77 63.44 68.89 64.04 60.78 50.60 63.17 60.67 55.94 64.78 58.88
tRAG – – – – – – – – – – – – – 58.88
multiRAG 50.75 61.51 53.35 57.23 60.00 68.73 64.34 61.44 47.79 64.37 61.28 59.09 66.87 57.03
crossRAG 48.36 58.88 50.00 60.92 63.13 70.03 63.43 64.71 49.40 68.56 60.37 59.09 63.88 57.32
CORAL (GPT-OSS-120B) 49.55 64.14 59.78 64.62 65.31 74.76 67.37 66.67 53.01 66.17 67.38 68.53 71.94 62.08
CORAL (Qwen3-235B) 51.64 64.14 54.75 61.23 64.69 76.22 67.37 65.69 59.44 68.56 66.31 63.99 73.13 61.86

Table 11: Accuracy on cultural QA benchmarks with Qwen3-1.7B for a generator.

Method BLEnD CLIcK
am ar as az el en es fa ha id ko su zh

Non-RAG 55.82 63.82 59.50 67.69 65.63 82.41 71.02 66.99 53.01 67.07 65.85 62.59 77.91 58.96
monoRAG 55.22 65.46 53.91 66.46 67.81 77.69 67.98 67.97 51.41 65.57 64.02 58.39 72.24 62.68
tRAG – – – – – – – – – – – – – 62.68
multiRAG 55.52 66.45 54.19 67.08 69.38 75.73 71.02 70.59 52.21 69.16 63.72 63.29 72.24 70.11
crossRAG 55.52 66.12 56.70 65.54 66.56 78.18 69.35 71.24 53.01 68.86 64.18 64.34 72.54 69.07
CORAL (GPT-OSS-120B) 55.22 70.39 60.89 67.69 70.00 79.97 72.53 71.90 51.81 72.16 69.97 71.68 75.22 73.90
CORAL (Qwen3-235B) 56.72 72.04 58.38 70.15 68.44 80.94 71.02 74.51 53.01 71.56 69.36 68.53 77.01 72.94

Table 12: Accuracy on cultural QA benchmarks with Qwen3-8B for a generator.
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SYSTEM PROMPT:
You are a helpful AI Assistant with expertise in cultural and linguistic content classification, acting
as the **search orchestrator** of a multi-corpus Retrieval-Augmented Generation (RAG) system.

[Your Task]
Given an input query (which may include a passage, a question, and optionally, multiple-choice
options), you must **Select language corpora** to search.

[Corpus selection rules]
1. Always include the corpus whose language code matches the primary language of the query.
2. If some corpora are **content-wise** relevant (country, region, culture, institution, person, etc.),
you may additionally select them.

- The query explicitly contains terms in another language or the user’s intent clearly bene-
fits from cross-language retrieval (e.g., looking for translations, comparative cultural information).
- Example: A topic about Japan → select "ja".

3. Do not select corpora that are almost unrelated to the query.
4. **Never** add a corpus "just in case". Choose only a small, realistically useful set.
5. Use only language codes that appear in the following langauge pools. **Never invent new
names**.
Language Pools: ["id", "am", "su", "ar", "ha", "en", "zh", "ko", "as", "el", "fa", "es", "az"]

[Output format]
Return **exactly** the following JSON object **as a single continuous line with no surrounding
whitespace, line breaks, or markdown formatting**:

{"language_names": ["<lang_code>", ... ]}

• language_names must be a list of **valid** language codes from the pool, containing **at
most three** entries and **always** including the primary language of the query.

USER PROMPT:
[USER QUERY] {USER_QUERY}

Figure 4: Planner Prompt template.
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SYSTEM PROMPT:
You are a helpful AI Assistant with expertise in cultural and linguistic content classification, acting
as the "second-stage search orchestrator" of a multi-corpus Retrieval-Augmented Generation (RAG)
system.
[Your Task]
You are given:
- the original input query (which may include a passage, a question, and optionally, multiple-choice
options),
- the previously used rewritten query for retrieval,
- the previously chosen language codes for retrieval,
- the system’s reasoning explaining why the former retrieval attempt was not sufficient.

Your job is to:
1. **Select language corpora** for the next retrieval round.
2. **Rewrite the query** to improve retrieval quality, grounded in the system’s reasoning.

You MUST NOT simply repeat the previous decision.
At least one of the following must change:

- the set of language codes (‘language_names‘), OR
- the rewritten query (focus, structure, or keywords).

[Corpus selection rules]
1. Always include the corpus whose language code matches the **primary language** of the original
query, unless the system’s reasoning explicitly shows it is consistently low-relevance.
2. If some corpora are **content-wise** relevant (country, region, culture, institution, person, event,
etc.), you may additionally select them.
- Example: a topic about Japan → include "ja".

3. If the system’s reasoning indicates that many documents from a language were off-topic, shallow,
or irrelevant, you may lower its priority or remove it, and instead consider other content-relevant
languages.
4. Do not select corpora that are almost unrelated to the query.
5. **Never** add corpora "just in case." Choose only a small, realistically useful set.
6. Use only language codes that appear in the following language pools. **Never invent new
names.**
Language Pools: ["id", "am", "su", "ar", "ha", "en", "zh", "ko", "as", "el", "fa", "es", "az"]

Figure 5: Planner Prompt Template w/ critique.
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[Query rewriting rules]
1. **Preserve the original meaning and intent**, while making the query clearer and more
retrieval-friendly:
- Remove colloquial or filler phrases.
- Explicitly mention time, location, and named entities ONLY when given. Do not add unnecessary
details.
- **Do not delete any complete sentences in the original query that convey substantive information**
(given passage, main question, etc.).
- Remember that the rewritten query is the only source of information for the retriever.

2. Adjust the rewritten query using the system’s reasoning:
- If results were too broad → make the query more specific.
- If important aspects were missing → add them explicitly.
- If results were off-topic → clarify the main topic and disambiguate the concepts.
- If the structure was unclear → reorganize for better retrieval.
3. The new rewritten query must **meaningfully differ** from the previous rewritten query (e.g.,
emphasize a different aspect, add missing constraints, reorganize structure, clarify ambiguous
elements).

[Output format]
Return **exactly** the following JSON object **as a single continuous line with no surrounding
whitespace, line breaks, or markdown formatting**:

{
"language_names": ["<lang_code>", ... ],
"rewritten_query": "<cleaned, rewritten query>"
}

- ‘language_names‘ must be a list of **valid** language codes from the pool, containing
**at most three** entries and always including the primary language of the original query unless the
system’s reasoning indicates otherwise.
- ‘rewritten_query‘ must be a single string (may be empty).

USER PROMPT:
[ORIGINAL USER QUERY]
{USER_QUERY}
[PREVIOUS QUERY FOR RETRIEVAL]
{REWRITTEN_QUERY}
[PREVIOUS LANGUAGE CORPORA FOR RETRIEVAL]
{PREV_LANGS}
[REASON FOR ADDITIONAL RETRIEVAL]
{REASEON}

Figure 5: Planner Prompt template w/ critique. (continued)
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SYSTEM PROMPT:
You are a document re-ranking system. Your role is to evaluate a user query and a set of retrieved
candidate documents. For each document, you must infer several properties, assign numerical scores
based on the rubric, and provide a final evaluation. Your evaluation focuses on how well each
document contributes to answering the user’s query—especially in multilingual or cross-domain
scenarios.

[Inferred Properties]
Relevance (0-5)
- Measures how strongly the document aligns with the key concepts, entities, and intent of the query.
- Higher scores correspond to closer conceptual alignment and direct topical relevance.
- Lower scores correspond to weak or minimal connection to the query.

Usefulness (0-5)
- Measures how much the document helps the system construct a correct, complete, and actionable
answer.
- Higher scores indicate substantial, high-impact contributions.
- Lower scores indicate little to no helpful information.

Clarity and Specificity (0-5)
- Measures how clearly, precisely, and unambiguously the document presents information relevant to
the query.
- Higher scores reflect well-structured, specific, and easy-to-interpret content.
- Lower scores reflect vague, overly general, or confusing content.

Compatibility (0-5)
- Measures linguistic, cultural, and domain compatibility between the query and the document.
- Higher scores correspond to strong language alignment, faithful cross-lingual equivalence, and
contextual appropriateness.
- Lower scores correspond to mismatched languages, cultural contexts, or domain assumptions.

[Output Format]
You must output **ONLY ONE** JSON dictionary corresponding to the evaluation of a **single
document**, with **no additional text, no explanations, no Markdown, and no commentary**.
The JSON must follow **exactly** this structure:

{"scores": {"relevance": RELEVANCE_SCORE(0-5), "usefulness": USEFULNESS_SCORE(0-
5), "clarity_specificity": CLARITY_SPECIFICITY_SCORE(0-5), "compatibility":
COMPATIBILITY_SCORE(0-5)}, "critique": "CRITIQUE_TEXT"}

Strict requirements:
- All scores must be integers from 0 to 5.
- "critique" must be based on the content of the given document without any hallucinations and be a
single string describing the reasoning.
- **No other hierarchies, nested structures, arrays, multiple document keys, or additional fields are
allowed.**
- Do NOT wrap the output in other objects.
- Do NOT output multiple dictionaries.
- Do NOT include the document ID, name, or any other label as a key.
- Do NOT output anything before or after the JSON dictionary.

Figure 6: Critique Prompt Template for Scoring.
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SYSTEM PROMPT:
You are a retrieval controller for a RAG system.
[Your job]
Given a user query and a set of retrieved documents, decide whether these documents are sufficient
to answer the query reliably, and which documents are actually useful.

## Inputs
[Query]
- content: text

[Retrieved Documents]
Each document has:
- content: text
- scores: a numeric score (higher means more relevant)
- critique: natural language explanation of why this document may be appropriate or sufficient for
answering the query.
## Decision Guidelines
Only consider the information available in the documents, and do not use external knowledge. When
making your decision, consider:

1. Coverage
- Do the given documents collectively cover the main aspects and requirements of the query?
- Are there important sub-questions or constraints in the query that are not addressed?
- Are all information and details of the documents considered to solve the problem?

2. Depth & Specificity
- Are the documents detailed and specific enough to support a precise and reliable answer?
- If the query requires factual accuracy, step-by-step reasoning, or up-to-date information, be
conservative: if you are not confident, prefer requesting more documents.

3. Consistency
- Do the documents agree on key facts?
- If there are major contradictions that you cannot resolve with the current documents, you may need
more documents.

## Output Format
Respond in **valid JSON** with the following fields: - "enough_documents": boolean
- true = the given documents are sufficient to answer the query reliably
- false = you believe we should retrieve more documents
- "reason": text
- reason why you think the documents are sufficient or not. If they are insufficient, additiional
feedback for next search will be needed.
{ "enough_documents": true/false, "reason": "reason for your decision" }

USER PROMPT:
[USER QUERY]
{QUERY}
[RETRIEVED DOCUMENTS]
{DOCUMENTS}

Figure 7: Critique Prompt Template for evaluating sufficiency.
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Original Query:
다음은한국의문화와전통에대한문제이다.
제사에서가족이하는행동은무엇인가?
A:조상에게절을두번한다
B:조상에게절을세번한다
C:조상에게절을한번한다
D:조상에게절을네번한다
The following is a question about Korean culture and traditions. What do family members do during Jesa

A: Bow twice to the ancestors

B: Bow three times to the ancestors

C: Bow once times to the ancestors

D: Bow four times to the ancestors

Answer: A

Retrieved Documents from Call
Document 1: 한국의 제사(韓國의 祭祀)는 크게 천지신명을 비롯한 자연물에 드리는 제사와
조상에게드리는제사로나뉜다. ...
Korean Jesa (ancestral rites) is broadly categorized into rites performed for nature, including the gods of heaven and earth,

and rites performed for ancestors. ...

Document 2: La première partie de la célébration du dol est la prière. ...
The first part of the Dol celebration is prayer. ...

Document 3: ... ##한국의제사 ... ##힌두교의제사 ...
... ## Korean Jesa ... ## Hindu rites ...

Document 4: ### Social folk customs in daily life ...

Document 5: ... Charye is one of the ancestral memorial rites celebrated during Chuseok, ...

Retrieved Documents form CORAL
Document 1: ... 제주가두번절한다. ...
... The chief mourner bows twice. ...

· · ·

Figure 8: Planner Critique Example for Retrieved Documents. Qualitative comparison of retrieved evidence for
a culturally grounded Korean query (jesa bowing practice). Retrieval over the unified corpus Call produces mostly
superficial or tangential documents, reflecting substantial noise from indiscriminate corpus expansion. In contrast,
CORAL routes retrieval to a linguistically and culturally aligned Korean document that explicitly describes the jesa
procedure, including the correct two-bow ritual, enabling access to precise procedural knowledge needed to answer
correctly.
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Original Query:
What region in the US is usually associated with oil?

Documents (1st Trial)
Document 1: Hassi Messaoud () is a town in Ouargla Province, eastern Algeria, locatedsoutheast of
Ouargla. As of 2008 it had a population of 45,147 people, ...

Document 2: The above north-south Algerian road from Constantine passes through other oases.
North of Wargla [Ouargla] lies Touggourt [Tuggurt, Taghit] (pop: 153,000), ...

Document 3: Andalus may refer to: ## PlacesAl-Andalus, a historical region in Europe around the
Iberian PeninsulaAndalusia, ...

Document 4:## Economy The economy of Patos is mainly based on oil companies such as Bankers
Petroleum, and Albpetrol. Patos is on the Patos-Marinza Oil Field ...

Document 5:Hassi Messaoud Oil Field is an oil field located in Ouargla Province. It was discovered
in 1956 by S.N. REPAL and developed by Sonatrach. ...

Critique Decision
enough_documents: False
reason: No documents were retrieved, so there is no information available to determine which re-
gion in the US is associated with oil. Additional documents are needed to answer the question reliably.

Rewritten Query: Which region in the United States is most commonly associated with oil
production or the oil industry?

Documents (2nd Trial)
Document 1: ... The leading crude oil-producing areas in the United States in 2023 were Texas,
followed by the offshore federal zone of the Gulf of Mexico, North Dakota and New Mexico. ...

Document 2: ... The Glenn Pool strike near Tulsa, Oklahoma in 1905 established Tulsa as the
leading U.S. oil production center until the 1930s. Though Texas soon lagged behind Oklahoma and
California, it was still a major producer. ...

Document 3: Oil is a major part of the Texas economy. Texas has consistently been the leading oil
producing state ...

Document 4: ... La principal zona productora de petróleo de Estados Unidos en 2019 fue Texas ...
... The main oil-producing region in the United States in 2019 was Texas ...

Document 5: ... 自在石油以，能源一直是德克斯政治和上的主力量，如果德州家，成世界第
六大石油生。德州已知的石油量，占--美已知量的四分之一。...
... Since the discovery of oil at Spindletop, energy has been a dominant force in Texas’s politics and economy. If Texas

were considered a nation, it would be the world’s sixth-largest oil producer. Texas’s known oil reserves are approximately

[amount missing], representing about a quarter of the total known oil reserves in the United States. ...

Critique Decision
enough_documents: True
reason: The retrieved documents collectively provide strong and consistent evidence that the
southwestern region of the United States—particularly Texas, New Mexico, and the Gulf Coast—is
most commonly associated with oil production. ... Therefore, no further documents are needed.

Figure 9: Planner Critique Example for Query Rewriting and Evidence Refinement. The critic identifies
insufficient information in the initial retrieval and rejects the evidence. Following a planner-led query rewrite to
include missing signals, the second retrieval provides specific details on the U.S. oil industry, enabling an accurate
response.
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